The effective stress parameter (χ) is applied to obtain the shear strength of unsaturated soils. In this study, two adaptive neuro-fuzzy inference system (ANFIS) models, including SC-FIS model (created by subtractive clustering) and FCM-FIS model (created by Fuzzy c-means (FCM) clustering), are presented for prediction of χ and the results are compared. The soil water characteristic curve fitting parameter (λ), the confining pressure, the suction and the volumetric water content in dimensionless forms are used as input parameters for these two models. Using a trial and error process, a series of analyses were performed to determine the optimum methods. The ANFIS models are constructed, trained and validated to predict the value of χ. The quality of the ANFIS prediction ability was quantified in terms of the determination coefficient (R 2 ), Root Mean Square Error (RMSE) and Mean Absolute Error (MAE). These two ANFIS models are effectively able to predict the value of χ with reasonable values of R 2 , RMSE and MAE. Sensitivity analysis was used to acquire the effect of input parameters on χ prediction, and the results revealed that the confining pressure and the volumetric water content parameters had the most influence on the prediction of χ. 
Introduction
Compacted soils, which are commonly used in geotechnical engineering projects, such as earth dams, highways, embankments, and airport runways, are mostly unsaturated.
To achieve a safe design in all these projects, the stress state variable in the soil, plays a significant role. Any proposed model for the stress state variable should be expressed its independency to the soil properties [1] . In saturated soils, the effective stress is taken into account as the stress state variable [2] . Some researchers have attempted to find the stress state variable for unsaturated soils as the same as saturated soils with only one variable, but they noticed that the soil properties have been involved in the proposed models [3] [4] [5] [6] . Therefore, in unsaturated soil the stress state variable consists of two stress state variables [4] :
where χ is the effective stress parameter. The parameter χ varies from 1 to 0 from saturated to dry soils, respectively, is the pore air pressure, ( ) is the net normal stress, and ( ) is the matric suction denoted with S. Khalili and Khabbaz [7] solved the χ as a function of suction ratio as follows: (the air entry value) is a measure of suction, showing the transition from the saturated state to the unsaturated state. Determining all of these parameters to quantify the value of χ, is a difficult and time consuming task and needs conducting many laboratory tests. In addition, theoretical studies have also shown that χ is highly nonlinear and could exceed unity [8] .
The shear strength of unsaturated soil may be determined from the concept of the stress state variable. Bishop [4] proposed the following equation to calculate the shear strength of unsaturated soils:
where and are the effective cohesion and the internal friction angle, respectively.
According to the shear strength of saturated soils, equation (3) is presented by Fredlund et al. [9] to calculate the shear strength of unsaturated soils.
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where is the friction angle associated with changes in alone. The relationship between and is presented by Escario and Saez [10] as follows:
χ is generally assumed to be a function of degree of saturation (Sr). This parameter has been proposed through best fit regression formulas conducted on some 4 suitable experimental data. In the following equations, χ is presented as a function of Sr, which are obtained from the best fit of the experimental results [11, 12] . 
where S rr is the residual degree of saturation (the saturation that water around the soil particle surfaces is exists like a tine films), Sr is the degree of saturation (at the moment of testing), ϴ, ϴ s and ϴ r are the volumetric, saturated and residual volumetric water contents, respectively, and k is an optimised parameter, determined from the best fit between measured and predicted values. Fig. 1 shows S r versus χ for the various values of k and S rr [8] .
Accurate prediction of χ can be achieved when improved approaches are utilized for a nonlinear problem. Artificial intelligence (AI) based techniques has been being useful as an alternative approach to substitute conventional techniques in prediction of engineering problems. Some AI-based models have recently been used for prediction of χ based on available empirical data [13] [14] [15] .
Due to nonlinearity of the relationship between χ and the related parameters, the predicting process can be complex. Therefore, a powerful model such as adaptive neuro-fuzzy inference system (ANFIS) models may be employed to predict the process accurately. ANFIS models are the well-known hybrid neuro-fuzzy network for modeling complex systems [16] . As it can inherit the learning capability from past experiences, ANFIS is going to be one of the pillars of scientific research [17] .
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In the field of geotechnical engineering, the use of ANFIS is also in progress.
Gokceoglu et al. [18] used the neuro-fuzzy system to estimate the deformation modulus of rock masses and their neuro-fuzzy model exhibited a high performance. Kalkan et al. [19] developed ANFIS and artificial neural networks (ANN) models to predict the unconfined compressive strength (UCS) of compacted granular soils and the ANFIS model results were very encouraging compared to the ANN model. Kayadelen et al. [20] used ANFIS for prediction of the swell percentage of compacted soils and showed that ANFIS is a more reasonable method for the prediction of swelling potential of soils.
Cobaner [21] predicted the estimation of evapotranspiration (ET0) using climatic variables by two ANFIS models, based on grid partition (G-ANFIS) and subtractive clustering (S-ANFIS), and multi-layer perceptron (MLP) model which the S-ANFIS model shows better results compare to G-ANFIS and MLP models. Sezer et al. [22] successfully trained an ANFIS model to predict the permeability based on 20 different types of granular soils. Ikizler et al. [23] showed that neural network and adaptive neuro fuzzy-based prediction models could satisfactorily be used in obtaining the swelling pressure of expansive soils. Doostmohammadi [24] used ANFIS model to predict the time dependent swelling pressure (SPf) and compared the ANFIS results with ANN and multiple regression approaches, and proved that the ANFIS model is more effective in modeling the cyclic swelling pressure. Cabalar, et al. [25] develop ANFIS models for (Ⅰ) damping ratio and shear modulus of coarse rotund sand-mica mixtures based on experimental results from Stokoe's resonant column testing apparatus, (Ⅱ) deviatoric stress-strain, pore water pressure generation -strain properties of coarse rotund sandmica mixtures from triaxial testing apparatus, and (Ⅲ) liquefaction triggering. where and are linguistic values defined by fuzzy sets on the ranges (universes of discourse) and , respectively. is called antecedent or premise and is called consequent or conclusion [28] . Three well-known FIS models are: Mamdani [29] , Takagi-Sugeno-Kang (TSK) [30] and Tsukamoto [31] .
Neural networks (NNs) [32] can learn from historical data and train themselves to achieve high performance while extensive expertise is not mandatory. Among the most powerful data-driven methods, FL and NNs systems are able to monitoring data pattern classification in diagnostic tasks. Adaptive Neuro-Fuzzy Inference System (ANFIS) [16] is a combination of FL and NNs. ANFIS creates a Takagi-Sugeno-Kang Fuzzy Inference System (TSK-FIS) to set of input and output data. TSK-FIS if-then rules are simply presented as follows [33] : TSK-FIS with 2 inputs (x and y) and one output (f) is presented in Fig. 2 .
ANFIS, as an optimization method, uses hybrid learning algorithms (gradient descent and least-squares method). The antecedent and consequent parameters will be adjusted with gradient descent and least-squares method, respectively [33] . Fig. 3 shows ANFIS structure, which has five layers of nodes including square nodes (adaptive nodes which their parameters will be changed during training) and circle nodes (fixed nodes, which their parameters will not be changed during training).
The layers of ANFIS are described as follows [16] :
In Layer 1, the fuzzy membership grade of the inputs may be obtained by equation 8 as follow,
where and are the grade of membership functions of and , respectively and defined by membership function.
In layer 2, the output of each node is multiplied by the input signals and represents the firing strength (the degree that the antecedent part of a fuzzy rule is fulfilled) of a law.
8 where is firing strength of the rule.
In layer 3, the normalized firing strengths, ̅ , is presented as:
In layer 4, the contribution of the rule in the output is calculated with adaptive function.
where is the linear function of the inputs.
Finally, in layer 5, the summation of all input signals is calculated:
In this paper, to find the membership grade, the Gaussian membership function is used as follows:
where is the input data variable, and are the center (mean) and the width (standard deviation) of the membership function, respectively. Actually, and are the antecedent parameters of fuzzy rules for Gaussian membership function.
Fuzzy Clustering
Fuzzy clustering of data, provides a division of the data space into fuzzy clusters and gives useful information by grouping data from a large dataset that represents a system behavior. In this way, each obtained cluster center, represents a rule. There are several methods of clustering such as: k-means clustering [34] , fuzzy c-means clustering [35] , mountain and subtractive clustering method, which is a non-iterative algorithm [36] . In this paper, the initial FIS for ANFIS models is used, which is created by subtractive and fuzzy c-means clustering methods.
Subtractive Clustering
In 1994, the subtractive clustering (SC) model was developed by Chiu [36, 37] . This model is a fast, robust and accurate algorithm to specifying the number of clusters and the cluster centers in a set of data. SC is an extension of the grid-based mountain clustering method [38] . Based on the density of surrounding data points, in the SC method each data point is assumed as a likely cluster center and its potential is then calculated. The steps of the SC process for a collection of n data points,   12 , , , n Y y y y  , in d dimensional space can be summarized as follows [36] :
Normalize the dataset between 0 and 1, by calculating the following formulation for each dimension of data:
where is normalized value of data in dimension, is data in dimension, and and are the minimum and maximum value of data samples in dimension.
1.
Determine a potential value at each data point, :
where ‖ ‖ is Euclidean distance, and is normalized data point with d-dimensional space, and r a is a positive constant between 0 and 1 which representing a neighborhood radius.
The data points with many neighboring data points will have high potential value. The first cluster center is chosen as the data point with the maximum potential value among all other data points.
2.
Calculate the reduction potential value of each remaining data points as follows:
where is the first cluster center and is its potential value, and is squash factor with a constant value greater than 1.
The second cluster center is chosen as data point with the maximum remaining potential.
3.
Find the other cluster centers using the following equation:
where is the cluster center, and is its potential value data as cluster center.
Some conditions such as Eq. 21 to 23 must be checked in the SC process [33] :
where and are accepted and rejected ratio, respectively, and is the shortest distance between and all previously found cluster centers. as a cluster center will be accepted, when Eq. 21 is satisfied and the clustering process will be completed, if
Eq. 22 is satisfied and consequently Eq. 23 should be satisfied. Chiu [36] suggested =0.5 and =0.15. The fourth step will be repeated until the above conditions are fulfilled and then the SC process is accomplished. The number of clusters and fuzzy rules are equal and will be changed by the value of r a . The great value of r a makes fewer number of cluster centers and vice versa [33] .
Fuzzy C-Means Clustering
Fuzzy C-Means (FCM) clustering was developed by Dunn [39] and improved by Bezdek [35] . In the FCM clustering, firstly, the number of clusters is chosen and the sample data where m is a weighting exponent and it has a constant value greater than 1, Bezdek [35] suggested m=2, y i is the i th data point, c j is the j th center of cluster, . is Euclidean distance between y i and c j , and u ij is the membership degree of i th data point in the j th cluster.
u ij and c j are calculated by following equations [33] :
In the clustering process, Eqs. 25 and 26 will be updated until the stopping condition (Eq. 27) fulfills.
where is a criterion value to stop clustering, and k is the iteration step.
The above formulation lets the objective function (J m ) to converge to the possible minimum value [33] . 
Used Database for Modeling
In this study, the data sets used to develop two ANFIS models were taken from 120 collected data from the literature [40] [41] [42] [43] [44] [45] [46] [47] [48] [49] . These data were associated with the results of triaxial, shear, pressure plate and filter paper tests. These data sets consist of seven characteristics of unsaturated soils: suction (S), bubbling pressure (h b ), net confining pressure (P), residual water content (θ r ), saturated volumetric water content (θ s ), soil water characteristic curve fitting parameter (λ) and effective stress parameter (χ). The S, h b , P, θ r and θ s characteristics of data became dimensionless as follows: is dimensionless confining pressure parameter P 0 =101.325 kPa, is dimensionless suction parameter and is dimensionless volumetric water content parameter ( Table 1) .
The range of , , and λ are given in Table 2 .
The data sets were divided into three separate groups: the training dataset (was used to train the ANFIS model) by 85 data (71 %), the validation dataset (was used to prevent over fitting through training procedure) by 15 data (12 %) and the testing dataset (was used to verify the accuracy and the effectiveness of the model) by 20 data (17 %).
The data was chosen randomly in each dataset.
Developing ANFIS Models to Predict χ Value
In order to develop the ANFIS model, firstly the initial Fuzzy Inference System (FIS) was [35, 50, 51] , the compatible cluster merging [52, 53] and the trial and error method with minimizing the prediction error [54] . In addition, the over-fitting may occur in the training process if the number of training epochs are not selected in appropriated range, and then it causes misleading results [55] .
The accuracy and performance evaluation of the SC-FIS and FCM-FIS models should be verified by testing datasets for their first appearance in ANFIS models. 
where n is the number of data in each dataset, X im is the measured value, and X ip is the predicted value.
In the following sections, to predict the χ parameter, the process of finding the optimum number of training epochs and fuzzy rules along with some other key features of the two ANFIS models are presented.
SC-FIS Model
The initial FIS of the SC- to 300 epochs and it is normally enough for the training process.
The value of r a is strongly effect on the number of fuzzy clusters. As r a increases, the fuzzy rules decreases and vice versa. Therefore, finding the best r a is very important to achieve the suitable solution of the problem. To get the best r a in the SC-FIS model, the trial and error method is used and the code has been written in MATLAB software whit the following conditions:
The TVT datasets were created randomly and the range of r a was chosen between 0.1 and 1. This range was divided into 25 intervals. The initial FIS was created in the each ra interval and the number of clusters corresponding to ra intervals has been determined. Then, the initial FIS has been trained with epoch equal to 300. For each ra, R2 value was calculated for the TVT datasets. The above steps were repeated for the specified iterations. For each ra interval, the average of all R2s and cluster numbers were calculated which are gain in each iteration corresponding to that ra interval. The ra versus average R2 is plotted in Fig. 5 . As can be seen in Fig. 5 , the R2 has the highest value, when ra is between 0.5 and 0.65. Fig. 6 showns the ra versus the number of clusters. As can be seen in this figure, increasing in ra decreases the number of cluster. After finding the proper range of ra, the SC-FIS model to predict the χ value was developed. For this purpose, the SC parameters were chosen: η=1.25,  =0.5 and  =0.15, ra=0.5~0.65 by dividing into 25 intervals, epoch=300, and the initial R2=0. The TVT datasets were randomly created. For each ra interval, the initial FIS was also created and trained by ANFIS, and accordingly the value of R2 was calculated to the TVT and total dataset. Then, the new R2 for the total dataset compared to the previous R2. If R2 was greater than the previous R2, the ANFIS stored and continued by the next ra interval. After finishing all ra intervals, the next iteration and the other TVT dataset were randomly selected and the above process were repeated. This process were continued until the model was not able to find any greater R2. The best R2 for the SC- 
FCM-FIS Model
The initial FIS of the FCM-FIS model was created by the FCM clustering. In order to gain a proper epoch according to the random TVT datasets, a number of FIS models were created by the FCM clustering, and the number of epochs for training was adjusted on 1000. Fig. 11 shows examples of four error tolerance in epochs for training and validation datasets by the FCM clustering initial FIS. As can be seen in Fig. 11 -a to 11-c, after about 100 to 200 epochs, the error tolerance reaches a plateau. This situation was also considered in many other error tolerance figures for various ANFIS training models. In order to find the best number of clusters, a MATLAB code has been written and used. In this code for each iteration, the number of clusters has been taken between 2 and 50 and the data points for TVT datasets selected randomly from total dataset. Then, for each number of cluster intervals, initial FIS has been created and trained by ANFIS with 200 epoch. The R 2 was calculated corresponding to each number of cluster interval.
As the last interval of clusters is reached, the next iteration should start and the TVT datasets are selected randomly, and these steps are repeated. After termination of the desired iteration of selecting random dataset, the average value of R 2 was calculated for each cluster interval. Then, the number of cluster interval was plotted versus average 
Sensitivity Analysis
To obtain the relative influence of the input parameters on the χ value, a sensitivity analysis was conducted for all major input parameters. The cosine amplitude method (CAM) [56] was used to obtain the relationship between inputs and outputs. Hence, the Z matrix, containing the data points is considered as follows: 
where n is the number of data points, and for each data point: z Ik is the input vector with lengths of m, Z Ok is the output vector with lengths of o, Z k is a vector with lengths of m+o.
In other words, the dataset can be represented by n data points in m+o dimensional space.
r ij is specified the relative influence of each input to each output: In this paper m=4 (for input measured parameters: , , and λ) and o=1 (for output measured parameter: χ). The sensitivity analysis of input parameters is 20 represented in Fig. 16 . As can be seen, and are the most influential parameters, whereas has the least effect on the χ value.
Results and Discussion
The values of R 2 , RMSE and MAE for the SC-FIS and FCM-FIS models are given in Table 3 . The total dataset in Table 3 consists of the TVT datasets. Table 3 also contains the values of R 2 for GEP model by Johari et al. [15] . Fig. 17 shows the charts of R 2 , RMSE and MAE to the developed ANFIS models and GEP R 2 s. Referring to Table 3 and The sensitivity analysis of input parameters is represented in Fig. 17 . This figure shows that and are the most effective parameters and has the least effect on the χ value.
Conclusions
The value of the effective stress parameter, χ, is important while dealing with unsaturated soil mechanics. In this paper, two ANFIS models have been developed to predict the effective stress parameter. 
ANFIS model results were better than the GEP model results, presented by
Johari et al. [15] . 22 6. Sensitivity analysis results showed that and are the most sensitive parameters, while has the least effect on the χ value.
In summary, using the proposed methods would decrease the number of laboratory tests and therefore, considerable cost and time could be saved. Table 2 . The range of data sets Table 3 . The values of performance indices for the two proposed models and R2 for GEP model developed by Johari et al. [15] Figures: 
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